Particle travel length is one of the main dimensions of bedload and strongly influences river morpho-dynamics, particularly when exploring the interactions between sediment transport and channel morphology. This process has been traditionally studied by using tagged stones that allow tracking the movement experienced by individual grains during transport episodes. In this paper, we relate measured particle travel lengths to flow metrics and river channel parameters. First, we link the event-based bedload volumes to the active-layer dimensions, and the product between the average bedload rates and the duration of competent flows. We then hypothesize that travel length depends on channel width, surface grain-size, particle size, bed structure, flow strength, and duration of competent flow. The results from this approach are, subsequently, tested with a set of tracer observations from eight rivers that were available in the literature. The relationship between travel length and flow metrics was found to be statistically strong and has the potential to allow us to quantitatively assess the one-day dynamics of particles moving along streambeds. We also analyzed the influence of channel morphology and bed structure and identified morphological signatures for particle transport in gravel-bed rivers.
Introduction
Bed material transport is fundamental to understanding river bed dynamics, since it controls and defines both channel morphology [1] and habitats [2] . Moreover, the quantitative characterization of the bed material load is central to many applied river issues, including channel engineering, characterization of ecosystem structure and functioning, assessment of impacts from gravel mining, hydropeaking and dams, risk management, and eco-hydraulics [3] . However, the assessment of the bed material load remains a complex task due to its unsteady and non-linear character [3] [4] [5] [6] and its acute variability under natural conditions [7] [8] [9] [10] . This fact is especially important in gravel-bed rivers, where bed-material configuration presents specific characteristics (e.g., particle protrusion and hiding, grain-size sorting, imbrication) that imply further technical and methodological sampling problems.
In coarse-bed rivers, the gravel and cobble components control the development of channel morphology, and this critical sediment fraction travels as bedload. In this regard, particle travel length is one main dimension of the sediment load. Thus, understanding the different controls on particle travel length is relevant for many scientific and applied issues including, among others, river habitat assessment, channel design, gravel augmentation, and river restoration. Hence, it is not surprising that the study of the dispersal lengths of fluvial gravels has been a longstanding focus of interest for fluvial geomorphologists and sedimentologists, who have traditionally approached the problem using the particle tracking method. This experimental strategy entails using tagged stones (painted, magnets, RFID) to track the movement of individual grains during floods [11] [12] [13] [14] [15] [16] [17] [18] [19] . Tracers offer the ability to capture spatial patterns in bedload transport, whereas other field methods are more spatially restricted, such as fixed bedload traps [20] or point Helley-Smith sampling [21] .
Tracer research highlights how the average distances travelled by tagged particles scale as a linear or a power law to various flow metrics, including shear stress [22] , peak and cumulative excess stream power [23] [24] [25] [26] , dimensionless impulse [27, 28] , and excess energy [17] . However, many authors have also outlined the huge scatter in the existing tracer data [17, 29] , which suggests the important role played by controls other than flow discharge such as channel morphology [24, [29] [30] [31] [32] [33] [34] [35] , flow duration ( [36, 37] , the discussion by Comitti [17] ), bed configuration and particle arrangement [38] [39] [40] [41] , previous river bed history, and/or antecedent subthreshold flow [27, [42] [43] [44] [45] [46] [47] .
The main objective of this paper is to examine how different variables (hydraulic, morphological, and textural) exert control on particle travel distances in gravel-bed rivers. This work follows the paper by Vázquez-Tarrío et al. [29] that presented a broad analysis of tracer data compiled from the scientific literature, with the objective of (i) identifying the different sources of scatter in tracer data and (ii) providing new insights on how bedload works in gravel-bed rivers. In the present paper, we aim to go further into tracer data analysis, while providing clues to improve the prediction of particle transport in gravel-bed rivers. The present analysis is based on a combination of the Eulerian and Lagrangian approaches to bedload motion [48] , and represents a significant contribution to bedload studies. The dispersal length of bed material is an important parameter for a suite of river processes, but its full understanding remains elusive and has not been linked to flow metrics in a straightforward and clear manner [17, 49] .
Materials and Methods

Rationale
Particle transport length is one of the main dimensions of bulk bedload mass, and it could be expected that bedload volumes measured 'at-a-station' correlate to the mean distance travelled by stones [19, 50] . Early flume experiments by Fernández-Luque et al. [51] and later by Wong et al. [19] and Parker [50] effectively suggested that bedload rates correlate to particle travel lengths. More recently, Schneider et al. [26] found that correlations between bedload volumes and the mean distances travelled by tracers exist in natural streams. This is the hypothesis we explore in the present paper.
The event-based bedload transport volumes (Q S ) can be estimated from the dimensions of the active layer of the streambed and the mean travel distance of bed sediments [17, [52] [53] [54] [55] [56] [57] [58] .
where L is the average distance travelled by the bedload (in m), W a is the mean active channel width (in m), which is the portion of the channel that is active in bedload terms during transport episodes, h is the average depth of the active layer (in m), and p is the fractional porosity of the channel sediment. We can then re-arrange Equation (1) and express L as the dependent variable to give
At the same time, we can approach event-based bedload volumes from the average bedload rate of the transport event (q s ), times the duration of the competent flow (t, in seconds).
Bedload rates have often been formulated as a power function of the ratio between the peak flow metrics and the critical value of the flow parameter for the incipient of motion [59] [60] [61] . Due to their longstanding use in tracer studies, we use the specific stream power (ω) as the flow parameter, but in its non-dimensional form [62] .
where ω* is the dimensionless stream power (the subscript 'c' refers to the critical or threshold stream power for incipient bed sediment motion) estimated from the following expression.
where g is gravity acceleration, S is the bed slope, Q is the water discharge, and D 84 is the 84th percentile of the surface grain-size distribution. Somehow, Equation (5) normalizes the specific stream power by the submerged weight of surface sediment, which arrives at an expression equivalent to the Shields parameter, but is based on flow discharge. Considering Equations (2)-(4), the following expression can be derived.
Equation (6) describes the average travel distance of the bulk bed material load. However, considering the case of a tracer sample deployed on the streambed, one would expect that differences in the size of the tracer population could cause differences in the observed transport distance. Consequently, the tracers' grain-size should be incorporated into the analysis. In this regard, Church and Hassan [63, 64] documented that tracer grain-size relative to the bed-surface plays a role in downstream transport distance, with travel distances decreasing strongly with particle sizes coarser than the median size of the streambed surface. They expressed the influence of tracer size through the following scaling relationship.
where L Di is the transport distance of individual grains of diameter D i , L D50 is the mean transport distance of the median grain-size (D 50 ), and a and b are the empirical intercept and coefficient, respectively. Assuming that L~L D50 , and combining Equations (6) and (7), the following expression for the mean travel distance of tracers (L T ) can be derived.
In addition, we could also assume that the active channel width scales with the total channel width (W T ).
where γ W is the fraction of the total channel width that is involved in the bedload. Similarly, it is reasonable to assume that active depth scales with the grain-size of the streambed's surface [65] . Then, the active depth can be related to the D 84 , considering that the 84th percentile is an adequate descriptor of the overall roughness of the streambed-surface [66, 67] .
where the multiplying parameter γ H characterizes the vertical extent of the active layer in terms of the surface grain-size. Incorporating Equations (9) and (10) into Equation (8), the following expression is reached.
which expresses the mean travel lengths of tracers in terms of simple and measurable hydraulic and channel-bed parameters. Most previous analyses have assumed that the different parameters are independent. However, this is far from reality, especially in the case of the γ W and γ H , which describes the vertical and horizontal extent of the active layer. It may be argued that these parameters are stage-dependent, so they may show some degree of co-linearity with the ω*/ω c * ratio. Similarly, they could also be influenced by the time duration of the competent flow [37] . Furthermore, channel dimensions may exert influence as well. For example, narrow channels likely have a narrower active width. However, wider channels may exhibit large patches of immobile bed sediment and, consequently, a larger proportion of inactive bed-surface than narrow channels for equivalent discharge conditions, which partially buffers this effect. Similarly, major protruding elements in the streambed have been reported to control the thickness of the active layer, with coarser channels tending to show thicker active layers for equivalent hydraulic conditions [65, 68] . In contrast, coarser streambeds may be more armored or paved, which prevents scour, and, hence, decreases the horizontal and vertical extent of the active layer. Moreover, bed state and grain structures can exert control on grain displacements and bed mobility and influence the γ W and γ H parameters, which characterize the vertical and horizontal extent of the active layer. The influence of the bed state on bed mobility could be individually specified for each streambed through the critical stream power for incipient motion (ω c ). With all this in mind, we postulate the following.
Based on our knowledge, information on the exact shape of the functions relating γ W and γ H to other parameters is scarce [26, 54, 65] . In this paper, and, for the sake of simplicity, we assume that relationships between these parameters can be best fitted by power equations. We can then modify Equation (11) to the formula below.
where b, c, d, e, f, and l are the model coefficients, and A is the model intercept. The focus of the present paper discusses Equation (13) against available tracer data compiled from the literature.
Data Set Compilation and Grouping
In order to verify the hypotheses and to check the validity of the proposed approach for explaining gravel displacement, we compiled data from published studies in several gravel-bed rivers. The work is, thus, based on a compilation of tracer studies carried out in the framework of previous research [29] . From the original data base (see Table 1 in Vázquez-Tarrío et al. [29] ), we selected only those studies that provided information about the variables involved in Equation (13) . Moreover, in order to avoid technical biases, we focused on tracer surveys where the particle recovery ratio exceeded 75% (see Table 1 for more details). Data were derived from tracer experiments that used magnetically and PIT tagged stones, and covered a wide range of channel morphologies and bed textures (some surveys in which the behavior of the frontrunners was not adequately considered were discarded). Altogether, the data set comprised 42 transport episodes in eight gravel-bed river reaches, for which we compiled the following information (Table 1) : (a) channel width, channel slope, channel morphology, and grain-size, (b) tracing method, recovery ratio, mean and maximum travel distances, percentage of mobile tracers, and (c) critical discharge, flow magnitude, and duration of the transport episodes. Data were divided according to channel morphology (riffle-pool, step-pool, and plane-bed channels), as per Montgomery and Buffington [69] . An additional category (multi-thread channels) was specified for the wandering River Bouinanc. In addition, data were also grouped according to the experimental condition, as constrained and unconstrained-tracer measures [29] . Data from the first displacements after tracer seeding were considered 'unconstrained-tracer' data. Data from East Creek [70] were also included in this group, since buried tracers were dug during recovery, which may potentially have disturbed the bed. "Constrained" measures encompass the data from second and subsequent displacements after tracer seeding. 
Data Analysis
To test whether Equation (13) fits the tracer data, we used ordinary multiple regression in a linearized form and stepwise procedures, after log transforming all the variables included in the equation (back-transformation bias was corrected following Miller's directions [75] ). In addition, the Variance Inflation Factor (VIF) was computed to assess how much the variance of R 2 was inflated due to collinearity between the predictor variables. As a rule of thumb, when a regression model incorporates several explanatory variables, the value of VIF is acceptable if it is less than 10 [76] . Lastly, and with the aim of assessing the relative importance of each one of the independent variables, we used the method proposed by Lindeman et al. [77] , which is often recommended for assigning shares of the relative weight of predictors to R 2 , while also accounting for the sequence of predictors appears in the model. Moreover, previous tracer works have shown significant correlations between mean tracer travel distance and excess stream power [17] , accumulated stream power [25, 26] , and dimensionless impulse [28] . With the aim of assessing whether Equation (13) improves upon previous approaches, we compared the performance of Equation (13) to two regression models applied to the same data ( Table 1) .
Critical stream power (ω c ) was estimated from the value of threshold discharge (Q c ) provided by the different papers ( Table 1 ). The comparison between the three regression models was based on the percentage of explained variance, evaluated for each regression model through R 2 . Subsequently, and in order to assess the robustness of each regression model, we used Jacknife resampling methods [78, 79] . For this, we sequentially extracted one data point from the data set, fitted the three regression models with the remaining data, and estimated the particle travel length for the extracted data with each regression model. Then, we defined two additional scores: (i) the average ratio (r) between regression model estimates and field measured transport distances, in order to quantify the accuracy of each regression model, and (ii) the number of data plots in which r falls between 0.5 and 2, as a way to measure their precision.
Previous research has highlighted the importance of channel morphology and dominant macro-bedforms on particle transport in gravel-bed rivers [17, 29, 30, 32] . To further assess this, we explored differences in how the regression model fitted to tracer data, according to channel morphology. We also defined a new parameter called the 'Energy Expenditure Index' (EEI), as a way to quantify the amount of energy needed to displace tracers per unit length (i.e., 1 m).
where ω is the specific stream power and ω c is the critical value of ω for incipient sediment motion. We explored differences in the values of EEI according to channel morphology.
Results
Regression Model
The multiple regression analysis shows a highly statistically significant relationship between the mean travel distance and the independent variables included in Equation (13) (R 2 = 0.87, p-value < 0.05), and confirms that the proposed equation reproduces the compiled data with a high degree of adequacy. All of the variables are significant in explaining mean travel lengths at a 90% confidence level (p-values < 0.1), and they are all positively correlated with mean travel lengths ( Table 2 ). The fitted model coefficients are shown in Table 2 . Values of VIF are high in the case of width and tracer size, but all perform below 10, which indicate that multicollinearity can be dismissed. Moreover, the analysis of the relative weight of each predictor in explaining data scatter indicates that almost 40% of R 2 is explained by channel width (W T ) ( Figure 1 ). The ω/ω c ratio and flow duration explain, together, around 25% of R 2 . D 84 and critical stream power account for~20% of the explained variance. Lastly, the tracer size relative to the bed sediment is responsible for 16% of the explained variance. In addition, we compared our model (Equation (13)) to two simple regression models relating (i) mean travel distances to stream power (Equation (14)) and (ii) stream power times competent flow duration (Equation (15)). The comparison suggests that Equation (13) considerably increases the variance explanation: R 2 = 0.87 in comparison to R 2 = 0.18 (Equation (14)) and R 2 = 0.03 (Equation (15)) ( Figure 2 , Table 3 ), even when channel morphology is accounted for. Additionally, Equation (13) provides better scores on model precision and accuracy than the simple regression models, which were based on excess stream power (Equation (14)) or excess stream power times flow duration (Equation (15)) ( Figure 3 ). 
Influence of Channel Morphology and Experimental Conditions
Data tend to segregate, according to channel morphology, when travel lengths are plotted against excess stream power (or excess stream power times flow duration). The step-pool data is plotted in the upper envelope of the point cloud, while riffle-pool and plane bed data sit on the lower envelope (Figure 2A,B ). Statistical significance also increases when simple regression is performed separately for each morphological group (Figure 2A,B, Table 3 ), which underpins that morphology has an important effect on travel length (model fitting two-way ANOVA test, p-value < 0.05). Additionally, values of EEI tend to be larger in riffle-pools than in step-pools in the compiled dataset (Figure 4 ), which indicates that riffle-pool systems require larger energy expenditure to move tracers. Conversely, data on travel-length from different morphologies collapse when plotted in relation to Equation (13) . Somehow, the morphological signature on travel lengths seems to vanish when using Equation (13) . The different behaviors between the simple and the multiple regression model, therefore, need further discussion. Within the compiled data set, channel width tends to be larger and D 84 tends to be finer in riffle-pools compared to step-pools and plane-beds ( Figure 5A,B) . Dimensionless critical stream power is also larger in riffle-pools than in step-pools ( Figure 5C ). Additionally, differences in competent flow duration between different morphologies, particularly between riffle-pool and step-pool channels, can also be observed ( Figure 5D ). Hence, all the parameters incorporated into Equation (13) show differences, according to channel-morphology. This may explain why data from different morphologies collapse into the same trend when Equation (13) is used. To check that these trends are not merely a product of the data set used in the paper, we look at a wider available database, Bedloadweb at https://en.bedloadweb.com, which encompasses 116 gravel-bed rivers worldwide, and we observed similar trends ( Figure 6 ). We, thus, conclude that Equation (13) implicitly incorporates channel morphology in its formulation, notably through width and D 84 . A graphical comparison shows differences between a 'constrained-tracer' and 'unconstrained-tracer' in case of step-pools: 'unconstrained-tracers' plot higher when mean travel lengths are plotted as a function of stream power and stream power times competent flow duration (Figure 2A,B) . In contrast, no clear differences are observed between the two data sets in the cases of riffle-pools and plane-beds. Yet again, no differences between both experimental conditions can be observed when using Equation (13) ( Figure 2C ).
Discussion
Variability in Particle Travel Distances
Equation (13) scales the event-based bedload volumes to the geometry of the active layer. The subsequent multiple regression analysis confirmed that the model provides a statistically significant description of the travel length datasets against which the model was tested. Furthermore, Equation (13) explains a larger amount of data variance than simple regression equations based on excess stream power, or excess stream power times competent flow duration, which is the approach more generally followed with many previous tracer studies [17] .
Equation (13) relates travel length to six independent predictors: channel width, D 84 , tracer size, the ω*/ω c * ratio, competent flow duration, and ω c *. Channel geometry (proxied by channel width) is the parameter explaining the largest differences in travel length (Figure 1) , which is followed by hydraulic forcing. The bed structure (proxied by critical stream power) and tracer size appear to play a less determinant role compared to hydraulic constraints and channel dimensions. The channel shows a positive power scaling with travel length. On the one hand, channel width provides a measure of the hydraulic geometry of the study sections. Hence, the longest travel lengths are expected in larger channels due purely to their larger dimensions. On the other hand, the length-scale of the channel determines the average spacing between macro-bedforms [30] , which, in turn, is typically argued to control travel length (e.g., Pyrce and Ashmore work [32] ).
Travel lengths also show positive power scaling with D 84 . The role of D 84 on tracer travel lengths is interesting because it is related to the depth of scour, and, at the same time, prevents entrainment from occurring. That said, a larger D 84 involves a thicker active layer (through scaling the depth caused by particle entrainment). Furthermore, D 84 is related to the length scale of the major grains on the streambed, and large protruding clasts act as obstacles that may stop and entrap sediment [63] , which may increase the chances of a given tracer becoming buried. In principle, both situations may decrease the amount of tracer displacement, so travel lengths should show a negative relationship to D 84 . However, larger grains control the mobility of the bed-surface sediment in gravel and cobble streams, and a larger D 84 may involve a more stable streambed [66, 67] , which increases the chances of tracers showing pass-over behavior. In this regard, travel length also showed a positive scaling to ω c *, which is likely to be a relevant measure of bed-surface stability. Thus, the pass-over behavior of tracers, promoted by an increase in streambed stability with larger D 84 , appears to compensate for the potential influence of deeper tracer burial in thicker active layers, and may explain the observed positive scaling of the travel length with D 84 .
Moreover, travel length also shows a positive dependence on peak stream power. The results corroborate the strong control that flow strength exerts on travel length, which has been previously outlined [17, 22, 26] . This seems clear, insofar that hydraulic forces provide the energy required to put clasts into motion and maintain bedload transport. Travel length also shows a positive dependence on flow duration. Time duration of the competent flow is relevant to bedload fluxes in terms of its contribution to the total flow energy [80] . In this regard, travel distances coming from tracer studies represent the distance travelled by tagged stones over a time interval that corresponds to flow duration. Therefore, an influence of flow duration on mean travel length should be expected. Lastly, travel length also shows a positive dependence on the relative tracer size, in that travel length increases as tracer size decreases relative to the bed surface (as introduced in Section 2.1). However, the dependence found here (regression exponent b = 4.86) is stronger than that documented by Church and Hassan [63] and Hassan and Church [64] (b = 1.35).
Morphological Control of Travel Length
The influence of channel morphology on particle displacement is well established in the tracer literature. The idea is highly intuitive, since different morphological patterns and channel platform configurations are composed of diverse cross-sectional topographies, which determine the variability in 3D flow structures and sorting patterns [4, 81, 82] . In fact, it has been observed that the mean travel distance of tagged stones is associated with the dominant length scale of macro-bedforms for channel forming floods [24, 29, 32, 33, 63, 72, 83] .
The data compiled in this study collapse when travel lengths are set against Equation (13), with little differences, according to channel morphology ( Figure 2C ). This is surprising, considering that the data encompass a wide range of channel morphologies, from small step-pool systems to large, wandering rivers. However, as indicated above ( Figures 5 and 6 ), the parameters included in Equation (13) show differences, according to channel morphology. Doubt remains as to whether these trends are an artefact of the specific data set or the observed differences are intrinsic of natural rivers.
Step-pool systems are, in general, smaller and narrower than riffle-pool channels. Furthermore, step-pools are featured by boulders and coarser keystones and, consequently, coarser D 84 and larger ω c * values are expected. Lastly, step-pool streams drain, on average, into smaller drainage areas compared to other channel types, and are characterized by a flashier regime, with short storm flows (see the discussion by Comitti [17] ), which likely have an effect on the reported shorter flow duration in our step-pool data. In summary, our analysis (see Section 3.1) outlined how all the parameters included in Equation (13) are significant in explaining differences in travel distance between different channels. Consequently, if these parameters are assumed to be a proxy of channel morphology, it can be concluded that Equation (13) actually incorporates the role of morphological controls into travel length. However, we are aware that this hypothesis needs further assessment from field data in new tracer studies which, unfortunately, are less and less available.
In order to take the analyses of morphological controls on gravel transport further, we defined the "Energy Expenditure Index" (EEI). Values of the EEI are larger in riffle-pools and multi-thread channels than in step-pools in the compiled dataset (Figure 4 ), which indicates that multi-thread and riffle-pool systems required larger energy expenditure to move tracers. Previous studies have examined gravel dispersion in riffle-pool systems [14, 35, 54, 72] , reporting differences in tracer travel distances and depositional loci, according to source areas [14, 31, 35] and grain-size sorting [35] . Similarly, Lamarre and Roy [24] and Schmidt and Ergenzinger [84] assessed gravel dispersion in steep slope mountain streams, where gravel tends to become entrapped in pools [84, 85] and/or behind immobile boulders and large keystones [86] . However, streamlines and flow trajectories tend to concentrate particles into preferred gravel paths in coarse bed rivers, and these preferential sediment transport lines are strongly influenced by dominant channel morphologies [24, 35] . Consequently, macro-bedforms have two opposing effects on gravel propagation. On the one hand, large boulders and gravel-bars can entrap sediment and slow down their transfer downstream. On the other hand, macro-bedforms tend to concentrate flow and sediment into preferential paths, which promotes a faster sediment conveyance when particles 'fall' into them. EEI values are slightly lower in riffle-pools compared to plane-bed channels (i.e., which have less influence of bedforms). This outlines the importance of preferential paths on particle conveyance. However, they are larger compared to step-pool streams, which may indicate the importance of the trapping process in riffle-pool units. Conversely, the lower EEI values in step-pool systems compared to plane-beds seem to suggest a lower importance of sediment trapping in relation to particle conveyance through sediment paths.
Structural Controls on Travel Length
Particle clustering has an important impact on gravel mobility. These kinds of structures are often reported to increase the thresholds for sediment motion [22, 38, 39, [87] [88] [89] . In order to incorporate this into the analysis, we introduced ω c * as the predictor parameter in the regression model. This parameter was obtained for each selected site from the information provided in the original studies, since it was established by authors from field observations on incipient tracer motion. The analysis suggested that this parameter is significant in explaining~10% of the variance in tracer data, which highlights the appreciable role of sediment structures in gravel transport.
As previously explained (Section 2.2), we also classified data into two groups: 'constrained-tracer' and 'unconstrained-tracer' data, depending on whether they corresponded to first or subsequent displacements after tracer seeding. Globally, no differences are observed between both groups of data after fitting travel length values to Equation (13) ( Figure 2C ). This suggests that the variability related to experimental conditions is diluted by the variability introduced by channel dimensions, D 84 , tracer size, and channel morphology. Nevertheless, when the different morphologies are considered separately, differences are observed between 'unconstrained' and 'constrained' tracer conditions in step-pool channels. This finding resembles the difference between structured and travelling bedload proposed by Piton et al. and Piton and Recking [90, 91] , for step-pool channels. No differences could be identified in the riffle-pool and plane-bed channels. Similar trends in tracer data, according to channel morphology and experimental conditions, were reported by Vázquez-Tarrío et al. [29] .
In this regard, critical stream power is likely to evolve through time, since flood history has an important role in bed particle structuration [43, 45, 46, 88] . Unfortunately, information on antecedent bed conditions is very scarce in published tracer studies. In addition, the duration of tracer studies is rather low in comparison to the required time for particle mixing in the bed (Table 1) , which may have affected tracer displacement in the selected data set, increasing the importance of pass-over behavior.
Methodological Uncertainties
Predictors included in Equation (13) explain~85% of the variability in the compiled tracer data. Hence, there remains around 15% of non-explained scatter. Some of this remaining scatter may relate to methodological uncertainties. The way flow discharge and other parameters are measured and reported may not be totally homogeneous across the papers referred to in this research. Another constraint may be related to the exact morphological setting where tracers were seeded (i.e., channel, riffle, bar-head, and bar-tail). Some authors reported differences in tracer travel distances between riffles and pools [14, 31, 35] , and low-flow channels and gravel bars [73] . In all the study cases, tracers were initially seeded in a very similar way, along transverse lines and crossing several morphological units (Table 1) . However, once tracers moved, they were 'free' to find new depositional loci, and this may have introduced some variability in the subsequent displacements.
Furthermore, metrics of stream power used in the present analysis are section-average rather than point specific. However, tracers are spatially distributed and they likely experience a wide range of local hydraulic conditions in the course of a transport episode. Thus, one could argue that there is some limitation in assuming averaged measures for hydraulics when dealing with tracer data. Nevertheless, in this paper, we worked with mean travel lengths, so it was meaningful to compare mean travel lengths to average hydraulic parameters. It is worth noticing, too, that data on flow duration used in this research were based on information provided by the original papers, i.e., total time passing above a competence threshold was defined for the entire riverbed in all cases. However, some authors highlighted that a dependency exists between competent duration and grain-size [38, 49] . This may explain some of the observed variance. Nevertheless, the influence of particle size relative to bed size on travel lengths is already incorporated into the model (see Equation (7) in Section 2.1), so it could be considered that the size-dependency of flow duration is absorbed by the parameter scaling mean travel length to tracer size.
Furthermore, tracer stones accurately represent bed-material flux only after they are representatively mixed throughout the entire potentially movable bed layer, which means to the maximum scour depth [92] . In practice, this means that they have been exposed to several competent floods, which, occasionally, is not the case after some years [25, 47, 93, 94] . The mixing time is five to 10 years (as per Ferguson et al. findings [47] ), which exceeds the duration of almost all available studies. Consequently, some results may be influenced by dominantly short periods of deployment, and could misrepresent long-term trends.
Moreover, and as previously stated, the study focuses only on datasets showing a recovery rate >75%, to avoid inaccuracies in travel length linked to low recovery rates. However, the adopted approach poses a methodological issue. The low recovery ratios can result from (i) tracer burial below the range of particle detection, and (ii) frontrunners quickly passing-over the study reach, along with how it changes in relation to channel morphology and experimental conditions. For instance, tracer burial in riffle-pool channels may be controlled by the mechanisms involved in bar accretion and/or gravel-sheet migration, whereas, in step-pool channels, these mechanisms are absent [29, 90] . As far as we know, there is no way to discriminate between experiments where low tracer recoveries are mainly due to frontrunners quickly passing over the study reach, and those studies where low tracer recoveries are controlled by tracers getting buried deeper than the typical detection ranges of tracking devices. More research is needed to shed light into which mechanism (burial or frontrunners) is behind tracer loss during the first transport episodes after tracer seeding, whether this depends on channel morphology, and/or if the dominant process evolves through time. The recent development and use of active-RFID tagging methods that enlarge detection ranges is promising in this direction [18] .
Conclusions
The quantitative understanding of particle travel length in gravel-bed rivers is, at least, as relevant as quantifying the bedload volumes for many scientific and applied topics, such as investigating macroinvertebrate drift or designing gravel augmentation schemes. Several empirical relationships between travel distance and different flow metrics have been reported in the literature. However, particle tracking is the only available tool to tackle this issue. In this paper, we hypothesized that particle travel length is a dependent variable of channel width, grain-size, critical discharge, peak stream power, and flow duration, accounting for the scaling of event-based bedload volumes with active layer dimensions. We tested this using a dataset of tagged stones (tracers). Results indicate that mean travel distance of gravel can be explained, to a considerable extent, by the six considered variables of peak stream power, flow duration, critical discharge, channel width, tracer, and bed sediment size. If site-specific factors (i.e., channel morphology, surface texture) are considered stable, then flow magnitude (i.e., transport stage) and duration account for almost all the variance in travel length during transport episodes. This may help explain why previous tracer research found strong correlations between transport distances and time-integrated flow metrics in case studies (e.g., Schneider et al. [26] ), but large scatter in review studies (e.g., Hassan and Bradley or Vázquez-Tarrío et al. [17, 29] ) and a stronger correlation with channel dimensions [29, 30] . The work provides insights into the different controls on gravel transport in coarse bed rivers and recalls some limitations of the tracer method and available tracer data.
The recent work by Vericat et al. [58] demonstrates how virtual velocity derived from tracer step lengths can be coupled with the analysis of volumetric changes derived from diachronic digital elevation models in order to obtain spatially distributed bedload transport rates. In this regard, the present analysis provides a tool for improving bedload estimations in gravel-bed rivers and constitutes a step forward toward predicting particle travel length in gravel-bed rivers, and its further application to river restoration and gravel augmentation. 
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Model coefficient defining how travel lengths scale to the tracer size c Model coefficient defining how travel lengths scale to ω c * d
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